An Agent-Based Model to Simulate Meat Consumption Behaviour of Consumers in Britain by Scalco, Andrea et al.
An Agent-Based Model to Simulate Meat
Consumption Behaviour of Consumers
in Britain
Andrea Scalco1, Jennie I. Macdiarmid1, Tony Craig2, Stephen
Whybrow1, Graham. W. Horgan3
1Rowett Institute, University of Aberdeen, Ashgrove Rd. W, Aberdeen AB25 2ZD, United Kingdom
2The James Hutton Institute, Craigiebuckler, Aberdeen AB15 8QH, United Kingdom
3Biomathematics and Statistics Scotland, James Hutton Institute, Ashgrove Rd. W, Aberdeen AB25 2ZD,
United Kingdom
Correspondence should be addressed to andrea.scalco@abdn.ac.uk
Journal of Artificial Societies and Social Simulation 22(4) 8, 2019
Doi: 10.18564/jasss.4124 Url: http://jasss.soc.surrey.ac.uk/22/4/8.html
Received: 04-06-2019 Accepted: 06-09-2019 Published: 31-10-2019
Abstract: The current rate of production and consumption of meat poses a problem both to peoples’ health
and to the environment. This work aims to develop a simulation of peoples’ meat consumption in Britain using
agent-basedmodelling. The agents represent individual consumers. The key variables that characterise agents
include sex, age, monthly income, perception of the living cost, and concerns about the impact of meat on the
environment, health, and animal welfare. A process of peer influence is modelled with respect to the agents’
concerns. Influence spreads across two eating networks (i.e. co-workers and household members) depend-
ing on the time of day, day of the week, and agents’ employment status. Data from a representative sample
of British consumers is used to empirically ground the model. Dierent experiments are run simulating inter-
ventions of the application of social marketing campaigns and a rise in price of meat. The main outcome is
the mean weekly consumption of meat per consumer. A secondary outcome is the likelihood of eating meat.
Analyses are run on the overall artificial population and by subgroups. The model succeeded in reproducing
observed consumption patterns. Dierent sizes of eect on consumption emerged depending on the applica-
tion of a social marketing strategy or a price increase. A price increase had a greater eect than environmental
and animal welfare campaigns, while a health campaign had a larger impact on consumers’ behaviour than the
other campaigns. An environmental campaign targeted at consumers concerned about the environment pro-
duced a boomerang eect increasing the consumption in the population rather than reducing it. The results of
the simulation experiments are mainly consistent with the literature on food consumption providing support
for future models of public strategies to reduce meat consumption.
Keywords: Consumer Behaviour, Food Choice, Meat Consumption, Population Health, Social Influence
Introduction
1.1 Research on animal-sourced foods has gained momentum due to the increased recognition about the prob-
lem that livestock production and consumption poses for health for both the planet and the population. En-
vironmental and ecological sciences tend to agree about the dramatic contribution of livestock production to
climate change associated with high levels of greenhouse gas emissions (GHGEs): about 15% of the global an-
thropogenic emissions comes from livestock production (Gerber et al. 2013). Meat production also requires a
disproportionate amount of land: in 2009, it was estimated that 70% of global agriculture was used to graze
ruminants (cattle, sheep and goats), corresponding to 25% of the global land surface (Stehfest et al. 2009).
Indeed, a decrease in consumption in mainly developed countries has been deemed necessary to mitigate cli-
mate change (Arneth et al. 2019). Some studies estimate that a reduction in GHGEs up to about 50% could be
achieved by shiing the population towards diets low in animal-sourced foods, although this varies depending
on the overall diet composition (Aleksandrowicz et al. 2016; Perignon et al. 2017).
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1.2 There is also a growing concern about the eect of overconsumption of red and processed meat on health.
The International Agency for Research on Cancer classifies processedmeats as a carcinogenic product and red
meats as a probable carcinogenic product to humans, especially with respect to colorectal cancer; high con-
sumption of these meats have also been associated with an increased risk of other types of cancer (i.e. oe-
sophagus, lung, stomach, and prostate) (World Cancer Research Fund& American Institute for Cancer Research
2007). Bringing together health and environmental concerns, there is an urgent need to shi the population
towards eating healthy and sustainable diets, which include only small amounts of meat. The challenge is how
to achieve a dietary change.
1.3 The current work aims to integrate theories and evidence from consumer behaviour, social psychology, and
nutrition studies using agent-basedmodelling to create a reliable simulationmodel of British consumers’meat
consumption. Themodel will be used to test the potential impacts of dierent strategies to reduce the amount
of meat eaten.
1.4 The model is developed specifically around the role of peers’ influence and networks. The literature suggests
that social influence can exert an important role on food consumption (Feunekes et al. 1998; Pachucki et al.
2011; Robinson et al. 2014; Zhang et al. 2014). For instance, Pachucki et al. (2011) found that eating patterns ap-
pear to be socially transmitted across dierent people depending on the relationships (with spouses showing
the strongest correlation in eating patterns). By linking individual behaviours to social consequences (Bruch &
Atwell 2015), computational models allow changes in consumption patterns at the population level resulting
frommultiple interactions over time between individual consumers to be explored. We were particularly inter-
ested in exploring the eects of social marketing campaigns across consumption contexts (workplace-home).
1.5 Starting from Hamill and Gilbert, who defined personal networks as “representations of the relationships be-
tween one person and others” (2010, p. 78), we use the term eating network to indicate the set of relationships
among people who are eating together during ameal. This study considers two distinct eating networks work-
ingasynchronously. The first one includes the set of co-workers eating togetherduring lunchat theirworkplace,
while the second network refers to household members eating at home. The combination of these eating net-
works forms the social network underpinning our simulation.
Background: Modelling Food Consumption
2.1 ABMs have been described as “simulation models describing a system of heterogeneous agents that influence
each other over time” (Blok et al. 2015, p. 606) and allows individual characteristics (e.g. age, gender, and ed-
ucation), preferences, and behaviour (e.g. taste preferences, and health beliefs) to be modelled. Spatial infor-
mation can also be included to account for dierences in choices.
2.2 Agent-based models (ABMs) are oen used for the integration of data and theories from dierent disciplines.
Their use in public health studies is increasing, especiallywith regards to the investigationof dietary behaviours
(Zhang et al. 2014). For instance, Blok et al. (2015) explored the eicacy of dierent interventions on reducing
income inequalities in healthy eating by simultaneously representing consumers and food outlets in an ABM.
Similarly, Auchincloss et al. (2011) used an ABM to investigate the eect of dierent policies to counter income
disparities in terms of healthy eating. ABMs can be a valuable method to complement empirical research for
modelling policies and interventions that could be implemented in the real world.
2.3 Rulesareusedat theagents’ level togive rise topredictablebehaviour, but the interactions thatoccurduring the
simulationamongagentsand thevirtualworldcan result in theemergenceofunexpectedsocial patterns (Bruch
& Atwell 2015). This approach has been used in studies and assessed under dierent population interventions.
An ABM oers the chance to create a virtual laboratory where experiments follow a “what-if” approach. For in-
stance, Bravo et al. (2013) designed a model of household consumption patterns in Italy associated with food,
transportation, and energy, which was then used to estimate the overall GHGEs under the application of dif-
ferent policies (e.g. the introduction of carbon taxes). The model also estimated the change in environmental
concern in the population derived from the diusion of information campaigns and the consequential impact
on consumption preferences. More recently, in the context of obesity, Hennessy et al. (2016) developed a simu-
lation to aid the design and evaluation of behaviour change interventions aimed at increasing physical activity
and healthy eating habits.
2.4 Agent-based models have also been used to explore the spread of unhealthy behaviours across networks via
peer influence. For instance, Shoham et al. (2012) investigated peers influence on adolescents’ body size and
physical activity,which supported the idea thatbodysize is aectedbyaprocessof social influence in friendship
networks. Zhang et al. (2014) explored interventions of a rise in price of unhealthy food and the promotion of
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healthynormsviamarketingusingABM.Thedesignof theprocessesof influenceonagentsbypeers andby food
marketing resembled the mechanisms of norm-based influence (Zhang et al. 2014), which nudge a consumer
towards conformity by emphasising peers’ behaviour. The mechanisms of social influence in eating networks
in the model described in this paper is adapted from their work.
Model Description
3.1 The model is described below using the ODD+D protocol, which is a standard way to describe and compare
agent-basedmodels (Grimm et al. 2010; Müller et al. 2013).
Purpose
3.2 The ABM aims to reproduce the behaviour of the British population in relation to meat consumption by repli-
cating individual preferences and peer influence among consumers. The model is built with the goal to ob-
serve behavioural changes under the application of dierent policies. Emphasis is placed on how social mar-
keting campaigns can changes determinants of meat consumption in one context (e.g. the workplace) and
subsequently aectmembers present in another context (household). Themain outcome reported is themean
weekly consumption of meat (g) per person and the secondary outcome is themean likelihood of eatingmeat.
The simulation is empirically based, using data frommultiple sources to inform the ABM.
Agents, state variables, and scales
3.3 The agents of the model represent adult consumers. Each agent is characterised by an individual probability
to eat meat, which is computed at the start of the simulation and then updated at every meal (i.e. every time
step)basedon theagent’s socio-demographic characteristics, personal concerns, perceivedpeer influence, and
price of meat (more details can be found in Sections 3.14-3.15 below). Agents are defined by sex, age, monthly
income, employment status, individual perception of the living cost and whether they follow a meat-free diet,
all of which are assumed constant over the simulation. In addition, each agent has personal concerns regarding
the impact of meat consumption on health, the environment and animal welfare, which can change over time
due to a process of social influence.
3.4 All agents are part of an eating network comprising household members, while only some of them have a sec-
ond eating network that connects co-workers. Each household is structured as a clique where eachmember is
connected with every other members of the household. Households are used to define from whom an agent
can be influenced and whom it can influence when eating at home. Similarly, the workplace network defines
the boundaries of social influence among co-workers. Each worker is connected to every other member of the
samework team, andwork teamsare randomly connected to represent ahypothetical organisation. Thehouse-
holds and work teams are fixed for each individual run of the model and they do not own any state variables.
For the purpose of the simulation, links between agents are assumed unidirectional (i.e. two agents exercise
the same power of influence on each other).
Process overview and scheduling
3.5 For the currentmodel there is a time framework, with each tick of the simulation corresponding to ameal. Eat-
ing episodes followa sequential order: breakfast, lunch, and eveningmeal and therefore, three ticks represents
one day. The simulation runs for a period of three years so that the simulation output can be compared to the
consumption of meat provided by the Agriculture and Horticulture Development Board (2018) for the period
2014-2017. We also chose this length of time since changes in dietary behaviours are generally slow (Godfray
et al. 2018), especially when based on social influence.
3.6 At the beginning of each run the program creates and initialises agents’ variables by accessing consumers’ data
file, and it then creates the eating networks. Every agent eats breakfast and dinner at home with other house-
hold members. Agents classified as workers have lunch at the workplace with co-workers, while other agents
eat at home alone or with non-worker household members. Weekends are taken into account such that work-
ers have lunch at homewith householdmembers. Agents cannot skip ameal, but each agent has a probability,
based on real observations, of eating alone rather than with others.
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3.7 At each eating episode, the simulation evaluates the location (home/workplace) and activates the correspond-
ing eating network. When a network is active an agent can only influence and be influenced by those agents
that are eating at the same timeandwithin the samenetwork. Thepseudo-code for constructing andmanaging
the networks during the simulation is presented in Figure 1. At the end of day some randomoscillations that are
equally distributed over time occur to simulate changes in agents’ concerns due to other sources of influence
(such as themedia) that are not explicitlymodelled. A parameter sweepwas conducted to select optimal values
and inspected during the validation process.
Figure 1: Pseudo-code for networks construction andmanagement.
Design concepts
3.8 Themodel draws on and integrates basic principles of several scientific theories.
3.9 Agent’s behaviour is grounded in the Theory of Reasoned Action (TRA; Ajzen & Fishbein 1980; Fishbein & Ajzen
1975). The TRA states that human behaviour is determined by the person’s intention to perform the behaviour,
which is in turn predicted by the individual attitude and influence derived from the person’s social network.
Basedon theTRA,wemodelled the individual antecedentsof intention separately fromthe social one. As stated
by Feunekes et al. (1998), eating behaviours is influenced by social factors given that attitudes and habits de-
velop by interactingwith other people. Accordingly, we created a bridge between the personal attitude and the
social dimension to allow a dynamic interplay between these components, such that over time processes of
social influence aects some of the attitude components. Intention is assumed to be the best predictor to use
as a proxy for actual behaviour and it is computed via logistic regression.
3.10 In accordance with Hamill & Gilbert (2010), the modelled eating networks (household and workplace) reflect
the strongest andweak groups, respectively, with whompeople are connected based on the strength of ties. In
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their work the authors describe the basic characteristics that personal and social networks should possess and
propose a novel model of networks based on the idea of social distance (measured in terms of geographical
distance). In line with their work, some concepts were borrowed to design the eating networks, such that both
the personal networks possess links only between agents that can reciprocate the relation, while at the social
level communities (highly connected groups with few ties outside the group) are present. The use of a network
facilitates the formalisation of peer influence and the regulation of the latter through dierentmeals across the
day. Moreover, networks were built following homophily principles (McPherson et al. 2001): households are
homogeneous within them and heterogeneous between them with respect to the probability of eating meat.
Homogeneity within households with respect to food consumption has been observed in previous research
(Feunekes et al. 1998; Pachucki et al. 2011).
3.11 Interventions based on social influence have been conceptualised starting with their application in real life e.g.
to promote fruit and vegetable intakes, to reduce alcohol intake (Haines & Spear 1996), decrease electricity con-
sumption (Horne & Kennedy 2017) and promote pro-environmental behaviour (Farrow et al. 2017). Stok et al.
(2014) showed that a simple one-line descriptive normmessagewas able to positively influence fruit consump-
tion for up to two days. The translation of the eects of marketing campaigns into the current model is based
on other ABM (Zhang et al. 2014). Finally, regards the susceptibilities towards household and colleagues influ-
ence, the design of the model is informed by the previous work on food choice and networks (De Castro 1994;
Feunekes et al. 1998; Pachucki et al. 2011). Additional concepts embedded in the model are shown in Table 1.
Emergence In addition to consumption patterns, emerging phenomena can be found in boomerang
eects (Schultz et al. 2007), which refer to the backfire of campaigns messages.
Adaption Adaptation occurs when an agent decreases the amount of meat consumed in response
to an intervention such as a price change. In this model agents do not predict change in
prices, but rather they react aerwards by adapting their consumption.
Sensing Agents sense the concerns of other agents that are part of the same household or work
team, and this is altered by social marketing messages. Agents sees the price of product
and deviations from the initial price.
Interaction Interaction occurs via peer influencewhenan agent evaluates the concerns of household
members or colleagues.
Stochasticity Stochasticity is included at each run of the simulation during the assignment of an agent
to a household and to a work team. Stochasticity also occurs in the order agents are
involved in the process of influence.
Observations Observations are recorded every week and comprise data about the likelihood to con-
sumemeat and the amount of meat consumed (g/week/agent).
Heterogeneity The main source of heterogeneity derives from the dierent concernsâĂŹ agents have
regarding the impact of meat consumption on health, environment, and animal welfare.
Table 1: Additional concepts embedded in the model
Implementation and initialisation
3.12 Themodel is implemented in themulti-agent programmable environment NetLogo 3D 5.3.1 (Wilensky 1999). A
copy of themodel with supplementary information can be downloaded1 from themodel library of the CoMSES
Net website (www.comses.net). The number of agents are created by reading the number of rows contained
in the input file, which contains a random sample2 (N = 397) of cases extracted from the British Social Atti-
tude Survey (NatCen Social Research 2016). Next, agents are assigned randomly to a household and workers
to a work team. The distribution of adults per household observed in 2014 in the UK is recreated. Children are
not represented in the current model. This decision was made in accordance with the choice of focusing the
interventions for this model on the workplace and we assumed people under the age of 18 years would rep-
resent only a minor influence on household members’ concerns for meat consumption. The mean size of the
work team is fixed at four members as previous research reported that the number of people eating together
at lunch in the worksite canteen ranged from one to eight people (Bell & Pliner 2003). Following the idea of a
previous agent-based model (Natalini & Bravo 2014), the agents’ position in the 3D space was chosen on the
basis of their individual concerns. The x-axis corresponds to agents’ health concern, y-axis to environmental
concern, and z-axis to animal welfare concerns. The position is updated at every time step of the simulation to
display changes in agents’ concerns.
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Input data
3.13 At the beginning the model reads an input file containing the empirical data from the BSA survey prepared for
the simulation. This means that every agent represents exactly one of the respondents in the survey. Besides
demographic information (i.e. sex, age, employment status, and income), the input file contains the perception
of living cost and personal concerns about the impact of meat consumption. Additional data to inform agents’
behaviour comes from the National Diet and Nutrition Survey (NDNS; Bates et al. 2016). The NDNS collects
information on food consumption of a representative sample of the UK population. Where information were
not available parameters values were identified by a parameter sweep (Table 2).
Agents’ attribute Description Dynamic?1 Source2 Range3
Sex Men; women No BSAS {1; 2}
Age Age No BSAS [18, 99]
Worker Employment status No BSAS {true; false}
Susceptibility (s) Susceptibility towards influence
from household members and
co-workers
No Endogenous [0, 0.30]
Income Monthly household income
decile
No BSAS [1, 10]
Cost perception Perception of the cost of living
(price sensitivity)
Yes BSAS [1, 5]
Meat-free diet Self-reported meat-free diet No BSAS {0; 1}
Health concerns Beliefs about themeat impact on
health
Yes BSAS [1, 5]
Environmental con-
cerns
View on environmental impact of
meat
Yes BSAS [1, 5]
Animal welfare con-
cerns
Concern about animal welfare Yes BSAS [1, 5]
Preference for meat Likelihood of eating meat Yes Endogenous [0, 1]
Meat amount Grams of meat eaten per meal Yes NDNS [1, )
Chances of eating
alone
Likelihood to having ameal with-
out other people
Yes NDNS [0, 1]
Price elasticity Elasticity of the price of meat by
income group
No Tiin et al.
(2011)
{0.839; 0.804}
Mean work team size Mean number of co-workers eat-
ing together during lunch atwork
No Bell &Pliner
(2003)
4
1 “Dynamic?” means that the value of the variable are allowed to change during the run of the simulation.
2 “Endogenous” indicates that variables values are determined in the model. “BSAS” indicates the British
Social Attitude Survey (NatCen Social Research 2016). “NDNS” refers to the UK National Diet and Nutrition
Survey (from 2008/9 to 2013/14; Bates et al. 2016).
3 “Range” shows the potential values the variable can assume.
Table 2: Attributes, and sources of agents’ variables.
Submodels
Meal selection
3.14 A preliminary study was conducted prior to the modelling phase. The responses collected by the BSA survey
(NatCenSocial Research 2016)were analysedusing a logistic regressionmodel to identify the significant predic-
tors of the likelihood to consumemeat. The respondents’ self-reported consumption at the time of the survey
was dichotomised (eating same amount/more meat than the previous year vs. reduced meat from previous
year/stopped eating meat) and used as a dependent variable. Participants with missing data were excluded
from analysis providing overall 2878 responses (96% of total respondents). The logistic regression correctly
predicted 71% of respondents’ behaviours. Consumers’ sex, age and concerns associated withmeat are all sig-
nificant predictors of eating meat. Despite not being a statistically significant predictor of meat consumption
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likelihood, perception of living cost is included as the proxy for consumers’ price sensitivity. At each time step
an agent evaluates their own likelihood to consume a meat-based meal based on the aforementioned factors.
The resulting regression model for an agent i at time t corresponds to:
yi = b0 + b1(sexi) + b2(agei) + b3(envi,t) + b4(hlti,t) + b5(awei,t) + b6(plci)(meat.pricet) (1)
Parameter Value Description
sexi {1; 2} Agent i’s sex (1= female)
agei [18, 99) Agent i’s age
envi,t [1,5] Agent i’s concerns for the environment at time t
hlti,t [1,5] Agent i’s concerns for his/her health at time t
awei,t [1,5] Agent i’s concerns for animal welfare at time t
plci [1,5] Agent i’s perception of living cost
meat.pricet [1, 2] Price of meat at time t. Equal 1 for the standard cost of meat.
b0 -6.321 Constant of the equation
b1 0.655 Weighting for consumer’s sex
b2 0.016 Weighting for agent’s age
b3 0.287 Weighting for environmental concerns
b4 0.623 Weighting for health concerns
b5 0.178 Weighting for animal welfare importance
b6 0.101 Weighting for perception of living cost
Table 3: Parameter values associated with the likelihood to consumemeat
3.15 To estimate the likelihood to consume meat, the result of the previous equation was used. A dummy variable
is included (veg) to account for consumers’ following a meat-free diet. The variable is computed from the BSA
original survey responses (0=meat-free diet; 1=meat-eater). Due to the original phrasing of the BSA survey
questions, the regression model returns the probability of reducing meat rather than its consumption. As a
result, the likelihood to eat meat for an agent i at time t equals to:
pi,t(consume.meat) = (1− e
yi
(1 + eyi)
) ∗ vegi (2)
Social influence and eects of social marketing campaigns
3.16 Following the approach proposed by Zhang et al. (2014), the influence is implemented as a weighted average
depending on the weight w and the relative concerns of an agent i compared to those of its relatives or col-
leagues. When w equals zero, peers influence occurs without any eect of the social marketing campaign.
ci,t = (1− si)C1,t−1 + si
∑j∈peers(i)
Cj,t−1>Ci,t−1(1 + w)Cj,t−1 +
∑j∈peers(i)
Cj,t−1≤Ci,t−1(1− w)Cj,t−1∑j∈peers(i)
Cj,t−1>Ci,t−1(1 + w) +
∑j∈peers(i)
Cj,t−1≤Ci,t−1(1− w)
(3)
3.17 C represents the value of an agent’s concern regarding a specific aspect ofmeat consumption (health, environ-
ment, or animal welfare) at time t; parameterw denotes interventions based on social marketing campaigns; s
indicates the agent’s susceptibility towards householdmembers and co-workers. This process is applied sepa-
rately for each agent’s concern and as a result, an agent can be simultaneously influenced by agents in relation
to health, and being influenced by some others about animal welfare. w is used to bias agents’ attention to-
wards those peers with higher concerns than them (Zhang et al. 2014).
3.18 The degree a campaign aects the agents is simulated by varying the value of w (a low, medium, or high cam-
paign success can be hypothesised). Parameter w can be manipulated from the interface of the model and
its value decays over time to simulate lower attention to marketing campaigns by agents (see specific Sec-
tions 3.14-3.22 for details). Again, dierent values can be specified separately for each campaign.
3.19 Finally, parameter s represents others’ power of influence over agent i. Social modelling of eating behaviour
suggests family are the primary source of influence on food choices (De Castro 1994). Hence, the average value
of susceptibility towards householdmembers is higher than the susceptibility towards co-workers. Since to our
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knowledge no specific data exists on the probability distribution of consumers’ susceptibility, we followed the
suggestion by Bruch & Atwell (2015) and assumed a normal distribution such that some agents will be more
easily influenced compared to others.
Decay of the eects of social marketing campaigns
3.20 Attention paid to messages tends to dissipate over time (Cialdini et al. 1990). Therefore, the eects of social
marketing campaigns are introduced using a time-decay function:
wt = wt ∗ e(−dt) (4)
wherew indicates the eects of marketing campaigns on agents’ concerns, d represents the exponential decay
constant, and t reports the current month in the simulation. d was based on the literature about the persis-
tence of the eects of social marketing campaigns, specifically on norm-based messages (Allcott 2011; Allcott
& Rogers 2012; Ferraro et al. 2011; Nolan et al. 2008; Robinson et al. 2014). We assumed the same rate of decay
independently from the campaign.
Estimation of the amount of meat consumed per consumer
3.21 A submodel is used in the simulation to estimate the amount of meat eaten by each agent at every eating
episodewhere ameat-basedmeal is chosen. TheUKNational Diet andNutritionSurvey (NDNS) (2012-14) (Bates
et al. 2016) is used as a reference to create amodel within the simulation to generate values of quantity of meat
that is similar to the original data. Meat intake depends on sex, time, and context (Horgan et al. 2019). In line
with this, the model generates the amount of meat eaten by an agent depending on its sex and time of the day
drawing a value from a distribution which approximate empirical data.
Price elasticity and quantity consumed
3.22 While the probability of eating meat is aected by the changes in agents’ concerns, the amount of meat eaten
is also aected by the price elasticity of demand. The analysis conducted by Tiin et al. (2011) using the Living
Costs and Food Survey (2001-2009) showed that when the cost of meat increases by 1%, low income house-
holds decreases consumption by 0. 839%, whereas the rest of population decreases consumption by 0.804%.
Accordingly, to model price elasticity the grams of eaten meat by each consumer are corrected by a factor e,
which is equal to:
ei = 1− (pedi ∗ (meat.pricet/100− 1)) (5)
where meat.pricet indicates the current price of meat and pedi corresponds to the price elasticity associated
with the agent income class.
Experiments
Validation
4.1 Themodel is empirically validated (Squazzoni 2012), whichmeans that parameters used across sections of the
model are informed by empirical data and simulation outputs are assessed against empirical data (Figure 2).
Prior to the experiments, the consumption pattern emerging from themodel was assessed against the data on
meat consumption reported by the Agriculture and Horticulture Development Board (AHDB; Agriculture and
Horticulture Development Board 2018) for the period 2014-2017. However, while the input data for agents’
consumption reflect consumers’ self-reportedmeat intake, the volumes ofmeat provided by the AHDB are car-
case weight. Although the carcase weight will vary by animal, the average amount of edible meat yield from a
carcase is 75% (Nijdam et al. 2012). In addition, the process of cooking reduces the weight of meat products.
Although such change in weight varies by type of product, based on previous analysis (Lombardi-Boccia et al.
2005) it is estimated for meat products an average weight loss of about 37%. Therefore, we recomputed the
data provided by the AHDB to account for both the carcase weight and cooking process since in the model the
meat intake is based on meat as eaten (i.e. cooked). Figure 2b displays the estimates of meat aer conversion
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to a weight as eaten. Further, the small remaining dierence could be explained by waste produced during the
processing the meat and by underreporting of food intakes in the National Diet and Nutrition Survey, which is
common in dietary surveys.
4.2 For the validation the baseline model (i.e. no interventions applied) was run 100 times. At the end of each run
the mean weekly consumption was computed using R version 3.5.1 (R Development Core Team 2008) together
with the 95%confidence intervals. Results from the simulationmodel showeda similar pattern across the years
to the one reported by the AHDB, with a mean increase in the consumption from 2014 to 2016 and a decrease
during the successive year. The emergent trend can be mainly explained by the variation of the price of meat
over the years which, apart from the flexion between 2014-2016, constantly grew up to 26% compared to 2007
(Figure 2a; Rural Aairs (DEFRA) 2017; Oice forNational Statistics 2016). However, agents in the simulation tend
to systematically consume less meat compared to consumers’ data. Such discrepancy could be explained by
foodwaste, which is not accounted by AHDB elaboration, and by the exclusion of food consumedby individuals
less than 18 years of age from the simulation.
Figure 2: Comparison of reported price change of meat and meat consumption with the simulated meat con-
sumption. A: Monthly percentage change in price (Oice for National Statistics); B: Mean meat consumption
per capita inUK; andC: simulatedmeat consumption (meanwith±95%CIs) with observations assessedweekly
(area around the trend represents 95% confidence intervals).
Tested experiments
4.3 Two sets of experiments are tested. In the first set we compare the impact of a 5%, 10%, and 20%price increase
of meat with three social marketing campaigns, each one focused on a specific consumers’ concern. In the
second set, we test the emergence of boomerang eects by launching an environmental campaign during the
first year and targeting environmentally unconcerned and concerned agents. Although anumber of parameters
are available to set the social marketing campaigns (for instance, age and sex of campaign targets), for the
current work we limited their use. Future work will evaluate the impact of specific marketing strategies.
4.4 Results were collected during the simulation at the end of each week. Data from first week are excluded from
the analyses to allow an initial period during which agents adjust their concerns with respect with adjacent
agents in the household network, while changes in price and social marketing campaigns start aer the first
month. For each experiment, 100 simulations were run, and the mean result was collected. Data was analysed
using R version 3.5.1 (R Development Core Team 2008). Results from the baseline model are reported in both
sets of experiments to oer a reference to compare experiment outputs.
Results
Price increase versus social marketing
5.1 The first set of experiments compared two general approaches: price increase and social marketing. Under
the first approach, we increased the price of meat by 5% as it was deemed a realistic initial increase of meat
price; however, recent works on food taxation estimated the eects of a 10% and 20% tax (Afshin et al. 2017;
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Revoredo-Giha et al. 2018). With respect to the second approach, we simulated the launch of three campaigns
each one focused on animal welfare, environment, or health. All campaign settings were the same to allow for
comparisons: namely, the campaigns were directed to all agents without any distinction of age, sex, working
status, or pre-existing concern, and a medium success rate was hypothesised. Contrary to the rise in prices,
which lasted for the whole simulation period, each campaign was active only for the duration of the first year.
Figure 3 shows the results of consumption during the simulation for the overall population.
5.2 While the first year tends to show changes from the baseline model output, all scenarios showed a tendency
to follow the original trends. All campaigns showed a significant change on the amount of consumption at
the end of the simulations, although the magnitude of their eects dier (Figure 4). An environmental and
animal welfare campaign showed a moderate decrease in consumption (-1.31%, p-value< 0.001, t = 3.87, and
-2.49%, p-value<0.001, t = 7.75). An increase of 5%, 10%, and 20% inprice showeda larger eect, respectively:
consumption decreased by 5.46% (p-value< 0.001, t = 21.19), 10.40% (p-value< 0.001, t = 42.68), and 20.69%
(p-value< 0.001, t = 84.58) in the overall population compared to the baseline. The health campaign showed
a reduction of 7.77% (p-value< 0.001, t = 23.09). Similar results were obtained in relation to the likelihood of
consumingmeat, however the likelihood of eatingmeat under a 5% price increase did not decreasemore than
any social marketing campaigns (Figure 5). Both the environmental and health campaign showed a significant
reduction of the likelihoodofmeat consumption (-2.41%, p-value<0.001, t =8.42, and -7.54%p-value<0.001,
t = 23.25, respectively). A 10% and 20% price increase reduced the likelihood of eating meat, respectively, by
1.50% (p-value< 0.001, t = 6.73) and 3.28% (p-value< 0.001, t = 13.84).
Figure 3: Themean (±95%CIs) consumption per week over three years by price increases and social marketing
campaign (SM). Note that the area around each trend represents 95% confidence intervals.
Figure 4: Themean (±95%CIs) consumption at the end of the simulation for price increases and social market-
ing campaign (SM).
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Figure 5: The mean (±95%CIs) likelihood of consumption at the end of the simulation for price increases and
social marketing campaign (SM).
5.3 The price increases from the previous set of experiments were also analysed by income group of the agents.
The low-income group had a lower intake of meat than the rest of the population independent of the experi-
ment. Results showed that both income (low and med/high) groups altered their consumption in response to
marketing campaigns compared to the baseline. A 5% price increase had a slightly higher impact on the group
of low-income agents than on the rest of the population (weekly intake was reduced by 5.70% vs. 4.81%, re-
spectively). However, higher increases in price slightly decreased the gap between the low-income group and
medium-high agents (-10.53% vs. -10.05% for a 10% price increase, and -20.88% vs. 20.18% for a 20% price
increase).
Boomerang eects
5.4 Wemodelled an environmental campaign targeting those agents with an environmental concern score within
the upper and lower 12.5% of the overall rank score (resulting in about 7.5% of the artificial population for each
case). Figure 6 shows the consumption over time and outcomes at the end of the simulations. When the envi-
ronmental campaign is targeted only at people with concerns for the environment, the results showed a slight
increment in the trend of consumption aer the half of the first year (Figure 6a) that persists for the rest of the
simulation. In the end, compared to the baseline consumption in the population increased by +1.12% rather
than decreasing (p-value< 0.001, t = - 4.56). On the contrary, when the same campaign targeted people with
lowenvironmental concerns theoverall population reducedconsumptionby -4.11% (p-value<0.001, t = 15.42).
Similar to consumption, the probability of eating meat followed the same pattern.
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Figure 6: The impact of an environmental campaign (targeted at agents with high or low concerns for the envi-
ronment compared to the rest of the population. A: Themean (±95%CIs) consumptionperweek over the years;
B: The mean (±95%CIs) likelihood of meat consumption; and C: Themean (±95%CIs) consumption at the end
of the simulation.
Discussion
6.1 The simulation model intended to replicate meat consumption in the adult population in Britain. Empirical
data on consumers’ attitude towards and intake ofmeatwas used to inform the simulations. In addition, peers’
influence on food choices was integrated in the model and its eect on consumption was studied. Overall, the
model succeeded in reproducing the consumption pattern observed during the years 2014-2017. The consump-
tion over this period of time was a point of reference to compare alternative scenarios built around strategies
to reduce meat intake in the population.
6.2 In the first set of experiments the interventions did not deviate from the original trends of consumption that oc-
curred aer the first year in the baselinemodel. The response of the artificial population could signal the com-
plexity of altering dietary patterns at the population level even in response to external interventions. Moreover,
the first set of experiments compared a price increase against a social marketing strategy. The results from the
model by Zhang et al. (2014) suggests that network influence may be more eective in increasing healthy food
behaviour than any other strategies. The results from the experiments conducted with our model, specifically
onmeat consumption, suggests a more manifold response.
6.3 Firstly, the outcomes of an intervention based on social influence depends on the focus of the campaign. Tar-
geting dierent aspect of the consequences ofmeat consumption generates dierent responses in the artificial
population. In accordance with Wellesley et al. (2015), the emphasis on health obtained the greatest positive
change among the marketing campaigns. Instead, when the focus was on the environmental and animal wel-
fare more modest changes were gained. Such results are in accordance with Bravo et al. (2013), who modelled
a rise in environmental education and did not notice any large change in consumption patterns. Animal wel-
fare is deemed as a promising driver for meat reduction (Dibb & Fitzpatrick 2014), however, an animal welfare
campaign did not show a great impact on consumption compared to other strategies of meat reduction. Inter-
estingly, a campaign focused on health produced a decrease in consumption greater than the one achieved by
a rise in price of 5%. However, greater reductions were observed by increasing the price further. Compared to
a previous work by Afshin et al. (2017) that estimated for a 10% rise in prices there was around a 6% reduction
in unhealthy food demand, our simulation showed a greater decrease in meat consumption (about 10%). This
discrepancymight be due to the dierent objects of the interventions (unhealthy foods rather than specifically
meat). A 20% price increase showed a substantial decrease in the weekly meat intake compared to all other
scenarios, suggesting that it could be the most eective way to reduce meat consumption at the population
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level. It must be noted that the simulated marketing campaigns did not address specific groups of the popu-
lation and a medium success rate was hypothesised: alternative settings could generate dierent patterns of
consumption. Although an increase by 20% in prices led to the greatest consumption decrease, the likelihood
of eating meat remained consistently high compared to the other interventions. In particular, the spread of
health messages obtained the greatest success in reducing the probability of choosing meat compared to all
other actions, which may suggest a further gradual decrease in intake over the successive years.
6.4 When analysed by income group, a 5% price increase exhibited a greater decrease in consumption for the low-
income agents compared to the rest of the agents. This mirrors the findings from the report by the Department
for Environment Food & Rural Aairs (DEFRA) (2016), which suggests that generally a rise in price is more dii-
cult to copewith for low-income households as they spend a greater portion of their income on food compared
to the rest of the population. In this sense, the model successfully reproduced the impact of price increase on
dierent income groups. However, when the price was increased to 10% and 20% the gap between income
classes became less distinctive. Such discrepancy could be explained by the fact that incomewas not included
in our individual model of decision-making. The exclusion of such a factor was made in accordance with the
preliminary analysis, which did not indicate income of the single respondent as a significant predictor of meat
consumption. Such result is consistent with other works: for instance, Wellesley et al. (2015) do not reported
any evidence in support of a correlation between household income and likelihood of consuming meat. Fur-
ther research is needed to investigate the discrepancies that occurwhen considering data anddecision-making
models set at dierent levels (i.e. single consumers vs. households).
6.5 The second set of experiments explored the eects of targeting a groupof thepopulationbasedon their existing
concerns. For this,wechoseanenvironmental campaignas research suggested targeting thosemost concerned
about environmental issues may be the most fruitful approach in the short term (Wellesley et al. 2015). In this
case, the simulation output shows a significant increase in consumption in the overall population compared to
the baseline model. The increase can be explained by the emergence of the so-called boomerang eects (Cho
& Salmon 2007; Schultz et al. 2007), which indicate situations where a social marketing campaign focused on
norms produced the opposite eect to the one that was aimed to generate. In this case agents characterised
by having a high environmental concern are influenced by the marketing campaign to pay attention to others’
concerns. However, given the fact that they are at the edge of the maximum concern score it was diicult to
find other agents with a higher environmental concern than themselves. As a result, the pressure towards con-
formity (i.e. themean value of environmental concern in adjacent agents in the network) forces them to reduce
their concern, which in turn increases the likelihood of eating meat.
Limitations and future research
6.6 Despite being able to reproduce the observed consumption pattern, the current model has some limitations.
First, although the consumption trend that emerged from the simulation is qualitatively similar to the empiri-
cal one, quantitatively it diers slightly. Future research could include additional behaviours (e.g. foodwaste in
processing) to account for such discrepancy. Second, although the impact of price increase is modelled dier-
ently based on agents’ income class, we did not introduce a marginal decay eect of rise of prices. This would
require the addition of further external factors which were beyond the scope of the current work (e.g. incre-
ments in consumers’ purchasing power).
6.7 In relation to the process of influence, we gave the agents the capability of sensing each other’s concern with-
out assuming discrepancies from the actual value. However, it is possible that in certain situations peoplemay
under- or over-state their actual concerns, bringing further complexity to the modelling work. In addition, the
current model did not implement a hierarchical structure on the workplace network, which could potentially
reflect real dierences in termsof thepowerof any influenceamongworkers. Given the randomness embedded
into the construction of the networks, such a feature couldmake it harder to interpret the outputs, but the issue
of intra-organisational team dynamics is nevertheless important. This would be a useful future development
for the model. A specific model on the eating network in the context of workplace canteens and restaurants
would be required in order to investigate if and whenworkers influence each other habits with respect to food.
We did not include children in the household as it is unclear how much of a role they play in deciding meal
choices or aecting concerns around meat consumption. However, some literature suggests that some adults
with childrenmake dierent food choices to accommodate them (Cairns et al. 2009), and children can be influ-
enced by their own peers (not modelled in our simulation). This is an aspect that could be explored in future
research.
6.8 Finally, with respect to food consumption behaviour, we did not take into account potential dierences in con-
sumption pattern across dierent times of the day. It is possible that the influence amongworkers aect intake
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at lunch, while consumption trends remain stable at breakfast and dinner. Further refinements of the model
could include an increase in the granularity of the observations.
Conclusion
7.1 This paper described an agent-based model of British consumers’ meat consumption. The model pays spe-
cial attention to the influence exercised by colleagues in the workplace and household members at home. We
grounded themodel both theoretically and empirically and conducted a series of experiments to showcase the
capability of the simulation to inform and evaluate dierent strategies aimed at reducing meat intake in the
population.
7.2 The first set of experiments showed how the same process of influence can lead to dierent outcomes due to
the heterogeneity of agents’ concerns around meat. In accordance with the literature, an animal welfare and
environmental campaign led to modest changes in consumption, while a health campaign had a greater im-
pact. Moreover, these set of experiments show that dierent interventions can lead to contrasting results in
relation to agents’ intention (i.e. likelihood to eatmeat) and behaviour (i.e. actual amount of meat consumed).
Themodel showed that some interventions canproduceboomerangeects, increasing the consumption rather
thandecreasing it. In developing the simulation, we imposed a series of limitations and assumptionswhichwill
be reviewed and used to extend themodel in the future. In particular, the currentmodel did not test anymixed
strategy in line with the idea of starting by isolating the individual eect of single interventions. The simula-
tion of sustainable workplace policies described by García-Mira et al. (2017) suggested that the combination
of dierent policy instruments may be more eective than single actions given that the former involves multi-
ple drivers of change. To test this idea, it will be necessary to create scenarios where dierent configurations
of campaigns with dierent settings run at the same time. The emergence of further patterns of consumption
under dierent policy combination scenarios is expected, and such investigations will be particularly useful
in providing an evidence base which policy designers can draw on when designing public strategies to reduce
meat consumption.
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Notes
1Themodel canbe foundathttps://www.comses.net/codebase-release/0b9aabad-44b2-42ae-baf3-6400f5ebe5bb/.
2Since previous simulations showed that outputs did not qualitatively dier when using the overall sample,
we opted for a subsample to lower computational requirements.
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